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Frontier Sciences, The University of Tokyo.We developed an accurate method to predict nucleosome positioning from genome sequences by
reﬁning the previously developed method of Peckham et al. (2007) [19]. Here, we used the relative
fragment frequency index we developed and a support vector machine to screen for nucleosomal
and linker DNA sequences. Our twofold cross-validation revealed that the accuracy of our method
based on the area under the receiver operating characteristic curve was 81%, whereas that of Peck-
ham’s method was 75% when both of two nucleosomal sequence data obtained from independent
experiments were used for validation. We suggest that our method is more effective in predicting
nucleosome positioning.
 2010 Federation of European Biochemical Societies. Published by Elsevier B.V. All rights reserved.1. Introduction
In eukaryotic cells, nucleosomes form part of the chromatin
structure and are essential for chromatin conformation and tran-
scriptional regulation. The nucleosome consists of 147 bp of DNA
wound around a histone octamer in 1.65 turns of a ﬂat left-handed
superhelix. The histone octamer is composed of two copies each of
four histone proteins (H2A, H2B, H3, and H4) [1–4].
The afﬁnity between the DNA and histone depends on the DNA
sequence. In vitro studies showed the range of afﬁnities between
histone and DNA to be 1000-fold or greater and DNA sequence pat-
tern is one of the important nucleosome positioning factors [5].
Previous studies have demonstrated the roles of DNA sequence
patterns in the formation of the nucleosome. For example, the peri-
odicity of the dinucleotides AA, AT, and TT promotes nucleosome
conformation [6], and the TATAAACGCC fragment has a high afﬁn-
ity for the histone octamer [7]. Also, 10 bp periodic ﬂuctuations
of A/T or G/C content exist in nucleosomal DNA sequences [8].chemical Societies. Published by E
P, chromatin immunoprecip-
AUC, the area under the ROC
gment frequency index
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Biology, Graduate School ofOn the other hand, DNA sequences containing the TGGA repeat in-
hibit nucleosome formation [9].
Recent studies to identify nucleosome positioning genome-
wide have provided large-scale nucleosomal DNA sequence data
in several species, including yeast [6,10–13]. The two major exper-
imental methods for genome-wide detection of nucleosome posi-
tioning are chromatin immunoprecipitation assay (ChIP)-chip
[12,14,15] and ChIP-seq [10]. In these methods, genomic DNA is
crosslinked to histones, and subjected to micrococcal nuclease
(MNase) digestion or sonication. The histone–DNA complexes are
puriﬁed by using antibody and DNA is separated from the histone
proteins. The DNA sequences not digested are detected by tiling ar-
rays (ChIP-chip) or sequencing (ChIP-seq). Together, these studies
have provided insight into the roles of nucleosomes.
Disadvantages of these genome-wide approaches are that they
are expensive, time consuming, and laborious. Conversely, compu-
tational methods to predict nucleosome positioning sequences can
be applied to the entire genome without these disadvantages, and
may help one to predict transcription factor binding sites [16].
Researchers can then use these prediction results to screen inter-
esting targets for subsequent experimental analysis. In addition,
nucleosome positioning models may eventually facilitate the de-
sign of artiﬁcial chromatin structure modulators by using speciﬁc
artiﬁcial DNA sequence patterns [17]. Existing methods extract
speciﬁc dinucleotide sequence patterns from nucleosomal
sequences and use them to predict nucleosome positioning
sequences [6,18]. Two methods that can accurately predictlsevier B.V. All rights reserved.
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oped. One uses a machine learning technique; the method trains a
support vector machine (SVM) with the frequency of k-mer (k = 1
to 6) DNA fragments in nucleosomal DNA sequences [19]. The
other method uses wavelet transformation and statistical methods
to detect sequence periodicity in nucleosomal positioning se-
quences [20]. However, the accuracy of these methods remains
limited. Another disadvantage is that in most of these studies,
training and testing datasets used for validation are obtained from
the same experimental method, so the robustness of these meth-
ods cannot be accurately ascertained.
To predict nucleosome positioning from genome sequences
with high accuracy, we developed a novel method by reﬁning the
method described by Peckham et al. [19]. We used the relative
fragment frequency index (RFFI) to train the SVM. The RFFI is the
relative frequency of a k-mer DNA fragment in nucleosomal DNA
sequences (k = 1 to 8) that denotes the difference between k-mer
fragment frequencies in a given sequence and those in the genome
as a whole. Our method demonstrates greater accuracy than Peck-
ham’s method, according to validation using data from both the
ChIP-chip and ChIP-seq approaches. The accuracy of our method,
based on the area under the receiver operating characteristic
(ROC) curve (AUC) was 0.96 for the ChIP-chip test dataset, whereas
that of Peckham’s method was 0.94. After changing the test dataset
to ChIP-seq, the accuracy of our method was 0.81, whereas that of
Peckham et al. was 0.75. Taken together, these results show that
our method is capable of accurate and robust prediction of nucle-
osome positioning from high-resolution chromatin proﬁling data.2. Materials and methods
2.1. Genomic DNA and nucleosome positioning data
The reference genome sequence of Saccharomyces cerevisiaewas
obtained from the Saccharomyces Genome Database (http://
www.yeastgenome.org/). We used the ChIP-chip data of Yuan
et al. [12] and the sequence data of Segal et al. [6] as references for
experimentally-derived nucleosome positions in S. cerevisiae, as
these two datasets were used as benchmarks in previous studies
[19,20]. The ChIP-chip data set contains 25 148 hybridization scores
for each sequence, where the hybridization score denotes the
hybridization level of the sequence with the tiling array chip, which
was quantiﬁed by ﬂuorescence level. Note that the score was nor-
malized in Yuan’s study to reducemeasurement biases in themicro-
array data [12]. We deﬁned the set of 1000 sequences having the
highest hybridization scores as ChIP-chip nucleosomal sequences,
and the 1000 sequences having the lowest hybridization scores as
ChIP-chip linker sequences. We also incorporated the set of nucleo-
somal sequences predicted fromChIP-chip data using a hiddenMar-
kov model (Yuan et al. [12]). We deﬁned these sequences as the
ChIP-chip-hidden Markov model (HMM) nucleosomal sequences.
Nucleosomal sequences in Segal’s study was experimentally identi-
ﬁed through size selection and sequencing after MNase digestion.
This data set contained 199 nucleosomal sequences.
2.2. Training the support vector machine (SVM)
The method developed by Peckham et al. trained an SVM using
absolute frequencies of the k-mer nucleotide fragment (k = 1 to 6)
at the nucleosome positioning DNA sequences and linker DNA se-
quences. In contrast., we used the RFFI to detect both nucleosomal
and linker DNA sequences, considering k-mers for k = 1 to 8.
To determine the characteristics of the nucleosome positioning
DNA sequence, we calculated the RFFI of k-mer nucleotide frag-
ments at each given sequence R(S,a) using the following equation:RðS; aÞ ¼ FðS; aÞ  FðG; aÞ
FðG; aÞ ð1Þ
where F(S,a) is the frequency of the DNA sequence (fragment) pat-
tern a over the given sequence S, and F(G,a) is the frequency of the
DNA fragment a over the genome G. F(S,a) and F(G,a) can be deﬁned
as:
FðS; aÞ ¼ NðS; aÞP
b2f ðkÞ
NðS; bÞ ; FðG; aÞ ¼
NðG; aÞ
P
b2f ðkÞ
NðG; bÞ ð2Þ
where k is the length of a, and f(k) is the combination of all k-mer
nucleotides [e.g., if k = 2, f(k) = (AA, AT, AG, . . ., CG, CC)]. N(S,a) is
the number of the DNA sequence pattern a in the given sequence
S, and N(G,a) is the number of DNA sequence pattern a in the gen-
ome G. R(S,a) was deﬁned as 0 for N(G,a) = 0.
We transformed the DNA sequences into a vector with 43 860
dimensions, where each dimension contains the RFFI of the k-
mer fragment and uses it as input for the SVM, which partitions
the data set into two classes. We used the Gist software package
for SVM training, classiﬁcation, and scoring [21], and adopted the
default parameters for the linear SVM. We used twofold cross-val-
idation to evaluate the performance of our method and that of
Peckham et al. (see Supplementary data for further details).
3. Results
3.1. Analysis of chromosomal and linker sequences
Here we calculate the RFFI of nucleosomal and linker sequences,
using the ChIP-chip data and the sequences provided by Segal et al.
The results for nucleosomal sequences and linker sequences are
signiﬁcantly different (Supplementary Table 1). The RFFI of G/C-
containing fragments was higher in nucleosomal sequences,
whereas that of A/T-containing fragments was higher in linker se-
quences. This trend was also observed for RFFIs determined for
P3-mers (data not shown). RFFI patterns observed in ChIP-chip
data and Segal’s sequence data were slightly different; for example,
nucleosomal sequences from Segal’s data showed high a RFFI for
TA, but those from ChIP-chip data had a low RFFI value.
We compared the frequency index of k-mers determined by
Peckham et al. with our RFFI values. If the index could perfectly ex-
tract discriminative sequence patterns in nucleosomal sequences
and linker sequences, the frequency indexes of k-mers in nucleo-
some sequences and the corresponding indexes in linker sequences
should be negatively correlated. We therefore calculated Pearson’s
product-moment correlation coefﬁcient for these two sets of fre-
quency indexes, both for Peckham’s frequency index and our RFFI
using ChIP-chip data (Fig. 1). Peckham’s fragment frequencies
showed a positive correlation; correlation coefﬁcients of the frag-
ment frequencies for 4-, 5-, and 6-mers were 0.381 (P < 4.64e-6),
0.300 (P < 4.33e-12), and 0.269 (P < 2.21e-16), respectively. By
comparison, the RFFI showed a negative correlation; the correla-
tion coefﬁcients of the fragment frequency for 4-, 5-, and 6-mers
were 0.254 (P < 2.85e-3), 0.222 (P < 4.10e-7), and 0.161
(P < 1.40e-13), respectively. RFFI of <3-mer fragments showed sim-
ilar negative correlations (data not shown).
We also discriminated between nucleosomal sequences and lin-
ker sequences by determining the RFFI of each 1- to 8-mer frag-
ment (Supplementary Table 2). We used the AUC value to
evaluate the accuracy of this approach, where a high value indi-
cates better discrimination between nucleosome and linker se-
quences (details for AUC are given in the Supplementary data).
We used one dataset containing the ChIP-chip nucleosomal and
ChIP-chip linker sequences, and a second dataset containing
nucleosomal and linker sequences in the data from Segal et al.
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Fig. 1. Plots of average frequency index of each k-mer fragment based on calculations of Peckham’s frequency (a) and the RFFI (b). The x-axis denotes the frequency index of
each fragment in the ChIP-chip nucleosomal sequence, and the y-axis denotes that of the same fragment in the ChIP-chip linker sequences. R denotes Pearson’s product-
moment correlation coefﬁcient.
1500 R. Ogawa et al. / FEBS Letters 584 (2010) 1498–1502The RFFI of G/C and A/T could discriminate between the two se-
quence classes with a high level of accuracy. As expected, A/T
was depleted in nucleosomes, whereas G/C was preferred. The RFFI
of poly-A/T fragments could also discriminate between nucleo-
somal and linker sequences and indicated that A/T fragments are
potential nucleosome inhibitors. TGG/CCA and CAG/CTG were
common nucleosome-forming fragments in both data sets.
3.2. Accuracy of nucleosome positioning prediction using ChIP-chip
data
We then trained the SVM on the ChIP-chip nucleosomal se-
quences and linker sequences. We followed the same validation
procedure as Peckham et al. to allow a comparison of the accuracy
of the two methods [19]. We used twofold cross-validation by
employing ROC curves and determining the AUC to evaluate the
performance of both methods [19,20]. As shown in Fig. 2a, the
AUC of RFFI was 0.95 (S.E. = 0.002) for k = 1 to 6 and 0.96
(S.E. = 0.001) for k = 1 to 8 respectively, whereas that of Peckham’s
method was 0.94 (S.E. = 0.001).
3.3. Detecting characteristic properties of nucleosome sequences
We also validated the ability of our model and that of Peckham
et al. to detect nucleosomal sequences identiﬁed in Segal’s dataset.
If each method can learn the nucleosomal sequence characteristics
from the training dataset, they should be able to detect nucleo-
somal sequences obtained through a different experiment proce-
dure, i.e., the sequences resolved in Segal et al., without
alteration to the training dataset presented to the model. To per-
form this comparison we used the nucleosomal and linker se-quences identiﬁed in the ChIP-chip experiments [12]. After
training, we tested each method on the data from Segal et al. [6].
ROC curves for the validation of these methods are shown in
Fig. 2c and d. The AUC of RFFI was 0.78 (S.E. = 0.006) for k = 1 to
6 and 0.81 (S.E. = 0.005) for k = 1 to 8 respectively, whereas that
of Peckham’s method was 0.75 (S.E. = 0.003). Peckham’s AUC was
lower than that calculated for our model, showing that the latter
method exhibits somewhat greater prediction robustness in gener-
alizing across various data sources.
The probes used for ChIP-chip analysis were 50 bp long, and so
only represented part of the nucleosomal sequences. We therefore
also used nucleosomal sequences 150 bp long that were identiﬁed
by analyzing ChIP-chip data by HMM [12] to train the SVM for both
methods, and tested these sequences on Segal’s dataset [6]. The
prediction ability using the ROC curve is shown in Fig. 2e and f.
The AUC of RFFI was 0.80 for k = 1 to 6 (S.E. = 0.006), and 0.82
(S.E. = 0.006) for k = 1 to 8 respectively, whereas that of Peckham’s
method was 0.80 (S.E. = 0.007). Thus, by increasing the coverage of
the training dataset to represent more realistic examples, the accu-
racy of both methods was improved.
An example of the prediction of nucleosomal sequences around
the HIS3 promoter by our method is shown in Fig. 3. The identiﬁ-
cation of a given genomic region as nucleosomal by our method,
using the nucleosome occupancy score and the numerical output
of the SVM smoothed with a window size of 3 nt, showed a strong
correlation with the ChIP-chip experimental data.
4. Discussion
Nucleosome positioning is an important factor in gene regula-
tion and DNA replication processes. Here we present a method to
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Fig. 2. Comparison of ROC curves of the SVM that was trained by our method and Peckham’s method. (a) Comparison of Peckham’s method and RFFI (k = 1 to 6). ChIP-chip
data were used for both training and testing. (b) Comparison of Peckham’s method and RFFI (k = 1 to 8). ChIP-chip data were used for both training and testing. (c) Comparison
of Peckham’s method and RFFI (k = 1 to 6). ChIP-chip data were used for training, and Segal’s sequence data were used for testing. (d) Comparison of Peckham’s method and
RFFI (k = 1 to 8). ChIP-chip data were used for training, and Segal’s sequence data were used for testing. (e) Comparison of Peckham’s method and RFFI (k = 1 to 6). ChIP-chip-
HMM nucleosomal sequences were used for the training and Segal’s sequence data were used for the subsequent testing. (f) Comparison of Peckham’s method and RFFI (k = 1
to 8). ChIP-chip-HMM nucleosomal sequences were used for the training and Segal’s sequence data were used for the subsequent testing. AUC, area under the ROC curve;
HMM, hidden Marcov model.
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Fig. 3. Example of nucleosome prediction around the HIS3 promoter. The x-axis is the position on chromosome XV. The top panel shows the nucleosome occupancy scores
calculated by our method. Gray circles in the second panel indicate nucleosome positions that were identiﬁed by analyzing ChIP-chip data by HMM in Yuan’s study. The
bottom panel shows the positions of the coding genes.
R. Ogawa et al. / FEBS Letters 584 (2010) 1498–1502 1501predict nucleosome positions by reﬁning the approach previously
described by Peckham et al. We showed that the accuracy of our
method was high, based ﬁrst on cross-validation using ChIP-chip
data, then using these data as the training set and Segal’s sequence
data as the test set. Our method detects nucleosome sequences at
higher accuracy than previous approaches, despite differences in
the experimental method used to prepare the datasets. This resultis particularly important because it demonstrates robustness
against intrinsic biases which potentially exist in various experi-
mental data. Using different experimental data is therefore essen-
tial to measure prediction accuracy appropriately, to account for
biases which may be inadvertently learned by the model during
the training process. Furthermore, the identiﬁcation by our method
of a given genomic region as nucleosomal was consistent with the
1502 R. Ogawa et al. / FEBS Letters 584 (2010) 1498–1502experimental data. The increased length of k-mers and utilization
of RFFI were two possible factors which contributed to raise the
accuracy of our method compared to that of Peckham et al. In fact,
the AUC of RFFI (k = 1 to 6) was higher than that of Peckham’s
method (Fig. 2a and c), and AUC of RFFI (k = 1 to 8) was higher than
that of RFFI (k = 1 to 6) (Fig. 2b, d and e).
When training the SVM on ChIP-chip data to predict nucleo-
some positioning, our results showed that it was more effective
to use the 150 bp fragments obtained by analyzing ChIP-chip data
by HMM rather than 50 bp sections of nucleosomal sequences.
Since the length of nucleosome sequences in the cell is 150 bp,
these results suggest that it is important to train the SVM for
full-length nucleosomal sequences rather than limited regions.
When we compared nucleosomal and linker sequence frequencies,
we found that Pearson’s product-moment correlation coefﬁcient
was positive for Peckham’s method and negative for ours. We sug-
gest that this discrepancy relates to differences in accuracy be-
tween the two approaches.
Our RFFI calculations showed that nucleosomal sequences have
high frequencies of nucleotide G/C, and low frequencies of nucleo-
tide A/T, relative to the frequencies normally found in the genome.
The opposite tendency was found for linker sequences. This ﬁnding
is consistent with the observations of a recent study that nucleo-
somal sequences contain G/C [8]. Here, we showed that sequence
characteristics can be used to predict nucleosome sequences and
that utilization of the SVM can improve the accuracy of these pre-
dictions. Our results suggest that TGG/CCA and CAG/CTG are key
sequence fragments in the formation of nucleosomes.
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